Recent work has underscored the importance of the microbiome in human health, and has largely attributed differences in phenotype to differences in the species present among individuals 1-5 . However, mobile genes can confer profoundly different phenotypes on different strains of the same species. Little is known about the function and distribution of mobile genes in the human microbiome, and in particular whether the gene pool is globally homogenous or constrained by human population structure. Here, we investigate this question by comparing the mobile genes found in the microbiomes of 81 metropolitan North Americans with those of 172 agrarian Fiji islanders using a combination of single-cell genomics and metagenomics. We find large differences in mobile gene content between the Fijian and North American microbiomes, with functional variation that mirrors known dietary differences such as the excess of plant-based starch degradation genes found in Fijian individuals. Notably, we also observed differences between the mobile gene pools of neighbouring Fijian villages, even though microbiome composition across villages is similar. Finally, we observe high rates of recombination leading to individual-specific mobile elements, suggesting that the abundance of some genes may reflect environmental selection rather than dispersal limitation. Together, these data support the hypothesis that human activities and behaviours provide selective pressures that shape mobile gene pools, and that acquisition of mobile genes is important for colonizing specific human populations.
Here, we combine single-cell genomics with metagenomics to survey the mobile gene pool and investigate whether mobile genes are mainly globally distributed or population-specific. We compared the mobile gene pools of 81 participants in the US-based Human Microbiome Project (HMP) 16 ( Supplementary Table 1 ) with those of 172 Fijian islanders participating in the Fiji Community Microbiome Project (FijiCOMP) (Supplementary Table 2 ). FijiCOMP represents the first terabase-scale metagenomic view of the microbiome in the developing world.
Cataloguing the mobile gene pool in a large cohort using short-read metagenomic sequences is difficult, so previous analyses have been constrained to individual species 17 or specific mobile elements such as plasmids [18] [19] [20] and phages 21, 22 . One reliable method for cataloguing mobile genes, including integrated transposons and prophages, depends on assembled genomes and is based on identifying identical or nearly identical genes present in distantly related bacterial hosts 6 . We used this method to identify 15,585 mobile genes from the 387 HMP gut microbiome reference and draft genomes 23 (Supplementary  Tables 3, 5 ). Similar to complete genomes, even draft single-cell genomes provide enough context to link genes to hosts and to identify mobile genes. We used 180 single-cell genomes, derived from seven FijiCOMP participants, to identify an additional 22,268 mobile genes (Supplementary Tables 4, 5 and Extended Data Fig. 1 ). We then investigated which metagenomic libraries contained reads that mapped to this set of mobile genes to survey their abundances across individuals and populations (Extended Data Fig. 2 ).
Most mobile genes (62.4%) were present to some extent in both study populations, consistent with the previous finding that horizontal gene transfer (HGT) is not strongly structured by geography. Surprisingly, however, the abundance of those genes across populations was noticeably distinct (Extended Data Fig. 3a ; P < 10 −6 , permutational multivariate analysis of variance (PERMANOVA) based on Bray-Curtis dissimilarity,10 6 permutations), an observation that holds true even when considering a subset of the most stringently defined mobile genes (Extended Data Fig. 3b ; P < 10 −6 , PERMANOVA based on Bray-Curtis dissimilarity,10 6 permutations). Surveys of organisms endogenous to each population are required to fully observe both mobile gene pools (Extended Data Fig. 3c ). We reasoned that diet might be a strong factor in differentiating the mobile gene pool across populations because many of the most highly consumed Fijian food items (taro, cassava breadfruit, coconut, and certain seafood) are not widely consumed in the US (see Methods).
We specifically examined genes encoding glycoside hydrolases as these include substrate-specific dietary enzymes. In the Fijian microbiomes, we found a high abundance of mobile genes from the glycoside hydrolase GH13 family ( Fig. 1a , Supplementary Table 6 and Extended Data Fig. 4 ), which encompasses most of the dietary starch LETTER RESEARCH degradation enzymes 24 . By contrast, glycoside hydrolases that degrade animal-and fungus-derived glycans exhibited bimodality between the American and Fijian cohorts, which may represent different dependencies on farm animals versus seafood that predominate in each of these cultures' diets. We confirmed the dietary differences between the two cohorts directly by metagenomic sequencing of stool samples, as the metagenomes of Fijians harboured significantly higher levels of plant matter (P < 10 −15 , Mann-Whitney test; Fig. 1b ). Thus, differences in diet-related genes in the microbiome, which have also been observed in previous cross-cultural comparisons 9, 25 , may be due in part to differential abundances of mobile genes, rather than to the presence of genes that can be attributed to specific taxa. There are likely to be additional non-mobile glycoside hydrolase genes that differ across populations. GH13 family genes were indeed enriched in the overall microbiomes of the FijiCOMP cohort versus the HMP cohort (see Methods), although we were unable to determine what fraction of these are mobile. The advantage of looking at mobile genes is that it narrows our focus to specific genes rather than species-level effects that might be more difficult to link directly to environmental factors such as diet.
We next hypothesized that antibiotic resistance genes might differ across populations, reflecting the high usage of beta-lactams and quinolones in Fiji (see Methods). We found that quinolone resistance was more pervasive in the Fijian cohort than the American cohort ( Fig. 1c and Supplementary Table 7 ). Resistance to cephalosporins, which have been introduced relatively recently, was primarily an American phenomenon. Despite limited access to the full range antibiotics in Fiji, resistance genes for most classes of antibiotics were found in the Fijian population, consistent with recent findings in other developing world communities 25 . These results highlight our limited understanding of the forces that drive antibiotic resistance, and could reflect other uses of antibiotics, such as their use in agriculture, or even point to new classes of antibiotic resistance that have not yet been characterized 14 .
As the distribution of mobile genes in the microbiome shows differences at a global scale, we hypothesized that gene distributions varied at even finer scales of resolution. The FijiCOMP cohort provides a unique opportunity to look at fine-scale structure because it includes individuals living in three villages in the remote Bua province and a fourth village in the agricultural Macuata province. Therefore, we checked whether any genes were specifically associated with one or more villages. Notably, we identified many village-associated mobile genes (31 genes varied significantly according to abundance, based on a Mann-Whitney test of gene abundances using FDR with q < 0.05, Prevalence (%) a, Prevalence and abundance of all of the annotated mobile glycoside hydrolase families present in the FijiCOMP (n = 172, red) and HMP (n = 81, blue) metagenomic stool samples. Abundances were measured in fragments per kilobase of protein coding sequence per million mapped reads (FPKM) for each of the horizontally transferred genes, aggregated according to glycoside hydrolase family and plotted as a function of the density across samples. For each glycoside hydrolase family, the number of unique horizontally transferred genes present across the two cohorts is plotted (in grey), as are the sources of their substrates. b, Prevalence and abundance of plant matter (read alignments to rRNA from the kingdom Viridiplantae) in the metagenomes of stool samples from the FijiCOMP (red) and HMP (blue) populations. c, Prevalence and abundance of annotated mobile antibiotic resistance genes across the FijiCOMP (red) and HMP (blue) metagenomic stool samples. P value based on Mann-Whitney test. d, Prevalence and abundance of eight village-specific mobile genes (of 31 total village-specific genes) across four Fijian villages. q values (a, b, d) of prevalence comparisons based on FDR-corrected Fisher's exact tests; q values of abundance comparisons based on FDR-corrected Mann-Whitney tests.
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or prevalence, based on a Fisher's exact test of village association using FDR with q < 0.05) ( Fig. 1d and Supplementary Table 8 ). Villageassociated mobile genes include those encoding HGT machinery, such as proteins involved in plasmid segregation, as well as proteins that may directly provide a fitness advantage to their host, such as ferredoxins.
The identification of village-associated mobile genes was unexpected because individuals' microbiomes are more similar among villages (P > 0.05, PERMANOVA based on Jensen-Shannon divergence, 10 5 permutations) than countries (P < 10 −6 , PERMANOVA based on Jensen-Shannon divergence, 10 6 permutations) ( Fig. 2 , Extended Data Fig. 5 and Supplementary Table 9 ). Even though the mobile genes in our data set are defined by their occurrence in multiple phylogenetic backgrounds, gene exchange is known to be more frequent among closely related species 6 . We therefore investigated whether the village-associated genes were associated with species that were also partitioned unevenly across villages. For six of the 31 village-associated genes, we found a correlation with one of the ten village-associated species, although five of these six genes were also correlated with other non-village-associated species (see Methods). Overall, our findings suggest that these mobile genes are not restrained by their host genomes.
This finding prompted us to investigate the extent to which species composition determines mobile gene pool composition. First, we tested whether mobile genes originally identified in Bacteroides genomes or Prevotella genomes were more common in the metagenomes of individuals whose microbiomes were dominated by the same species. However, we did not find a significant association between the dominant taxon in an individual and their likelihood of carrying mobile genes of similar origins. Next, we investigated the taxonomy of bacteria hosting specific mobile elements by examining paired reads LETTER RESEARCH that span junctions between mobile genes integrated next to evolutionarily conserved tRNAs. Out of 838 mobile genes found adjacent to tRNAs, 65 were found near tRNAs from more than one genera, with the most promiscuous occurring next to tRNAs from 25 different genera ( Supplementary Table 10 ; examples shown in Extended Data Fig. 6 ). Even within a single individual, these genes were not tied to the dominant bacteria present within that individual's microbiome, and often spanned multiple genera, including those in both Prevotellaceae and Bacteroidaceae families. Thus, horizontal gene transfer is likely to be driven by forces independent of species community composition.
The high rates of recombination observed among mobile genes support the idea that mobile genes are even less dispersal-limited than their host genomes. Following the logic of the Baas-Becking hypothesis that "everything is everywhere, but the environment selects, " we might infer that environmental selection rather than dispersal drives differences in gene abundance among populations. Extending this logic from species to genes, however, is not straightforward because genes can change in abundance as a result of genetic 'hitchhiking' on mobile elements under selection at a different locus 13 . We reasoned that if recombination rates are sufficiently high, then genes should be present in many contexts. On the other hand, if gene abundances are driven by selection on larger mobile elements, then genes should appear in a limited number of contexts.
To investigate the genomic contexts of our mobile genes, we used the alignment and orientation of paired-end metagenomic reads to assemble short contigs encompassing each mobile gene ( Fig. 3a-c) . As expected, we found that recombination was limited, although not absent, within operons (as defined by adjacent genes in the same orientation and of the same functional category; Fig. 3d ), and that horizontal transfer machinery, such as phage-, plasmid-or transposon-specific genes, had higher levels of recombination ( Fig. 3e ). However, despite the high prevalence of genes and broader gene functions, we found that 34.9% of the gene contexts, defined as the set of unique combinations between adjacent genes that were observed, were specific to individuals; very few of these gene contexts were conserved across populations ( Fig. 4 and Extended Data Fig. 7 ).
Together, high recombination rates and population-specificity support the notion that environmental selection on individual genes, rather than dispersal limitation alone, plays a key role in driving gene abundances. The 'everything is everywhere' concept is reinforced for mobile genes by the observation that the majority of genes were found in both the HMP and FijiCOMP populations ( Fig. 4 ). Even among the village-associated genes, all but five were found in all of the villages. Dispersal may play a role in shaping the distribution of a small, but abundant, subset of genes that are restricted to one population (that is, gene families (GH67, GH28 and GH110, Fig. 1a ) or subsets of villages ( Fig. 1e) ). Nevertheless, environmental selection is underscored by the impact of diet on gene abundance. In fact, only one of the universal genes, defined as those present in more than 75% of both populations, was annotated as carbohydrate-metabolizing, despite carbohydratemetabolizing genes being significantly enriched among populationspecific genes, defined as those present in more than 50% of one population and less than 10% of the other (P < 10 −5 , Pearson's χ 2 test).
How selection and dispersal affect gene exchange within physically proximal environments, that is, within a single individual's body sites, is still an open question 6 . On one hand, differences in composition and ecology may result in distinct mobile gene pools at various body sites 6, 13, 27 . On the other hand, the direct route between oral and gut communities should facilitate transmission of mobile elements, and systemic selective pressures, such as those imposed by orally administered antibiotics, may homogenize personal gene pools. Our analysis of saliva samples derived from FijiCOMP participants shows that there is little overlap betwee gut and oral mobile gene pools, as only 0.94% of the genes represented in the gut were detectable in any of the saliva samples. For any particular gene, there was no correlation between its presence or abundance between stool and saliva samples from the same individual. These data support the hypothesis that shared selective pressures and common ecologies structure horizontal transfer, although they do not rule out the possibility that physical proximity plays a role.
As well as presenting a data set describing the microbiome of a population in the developing world, we have also described an approach that can be used to identify environmentally relevant genes. Previous shotgun metagenome approaches have focused on the abundance of a gene as a proxy for its importance. This approach will identify important genes but also has the potential to identify many spurious genes because a single highly abundant species can carry many genes that are not specifically relevant to the environment it occupies. Instead, we look for abundant genes that are present in multiple species, using horizontal gene transfer as an additional filter for gene importance. Our approach is subject to several important caveats. First, its sensitivity for detecting mobile genes is low, and there are likely to be many more genes transferred across species than we can detect. Second, even though each of the mobile genes within our data set exists in more than one species, some of those genes may be primarily associated with a single taxon. This is especially true if a single taxon is much more abundant than the other species that carry the gene.
Despite these caveats, we found that the human-associated mobile gene pool differed between populations and carried gene functions that are likely to be associated with cultural practices; these findings provide functional insights not possible based on surveys of phylogenetic markers, such as the 16S rRNA gene, alone. These insights have the potential to improve public health at multiple levels. For example, a better understanding of the distribution of antibiotic-resistance genes among different populations' microbiomes could inform antibiotic stewardship at a regional level, by avoiding the use of specific antibiotics where resistance to them is highest. We also showed that the mobile genetic elements are highly diverse among individuals, raising the possibility that they may vary within bacterial lineages in an individual over short time spans. If this is true, then diet and drugs could modify the functions of the microbiome, even if the long-term species composition is stable 26,27 . To assess whether changes to cultural practices will influence human health via mobile genetic elements, future studies should test the speed at which selective pressures alter mobile gene frequencies within single individuals and larger populations.
Online Content Methods, along with any additional Extended Data display items and Source Data, are available in the online version of the paper; references unique to these sections appear only in the online paper. 

METHODS
Overview of the Fiji Community Microbiome Project. The Fiji Community
Microbiome Project was developed to characterize the role of human-associated bacteria in health and disease from a developing world population recruited in the Fiji Islands. The study sought to understand the transmission of microbiome components among individuals and their environmental surroundings. The goal was to be as comprehensive as possible in the study villages. The study included 300 individuals, regardless of health status, each of whom chose to provide any or all of stool, saliva or skin swab samples. To date, this is one of the largest cohorts on which metagenomic sequencing has been performed. Surveys were performed by visiting all households within each community. Individuals under the age of 5 years were excluded, as were individuals who were deemed mentally incapable of providing informed consent. Informed consent was received from all participants and parental consent was additionally required for all minors. IRB approval was received from Institutional Review Boards at Columbia University, the Massachusetts Institute of Technology and the Broad Institute and ethics approvals were received from the Research Ethics Review Committees at the Fiji National University and the Ministry of Health in the Fiji Islands. Whole genome metagenomic shotgun sequencing was performed on individuals' stool and saliva samples, in addition to environmental samples from individuals' proximal environments. More information and links to the data set can be found at http://www.fijicomp.org. Samples used in this study. Saliva samples were collected in 20% glycerol and frozen within 30 min of collection. Stool samples to be used for metagenomic sequencing were collected within 30 min of voiding, stored in RNALater (QIAGEN) and frozen at 80 °C. Stool samples used for retrieval of intact cells for single-cell analysis were collected within 30 min of voiding, stored in 20% glycerol and PBS, and frozen at − 80 °C. Seven individuals' samples were selected from the FijiCOMP cohort for isolation of single-cell genomes (Supplementary Table 2 ). Samples destined for single-cell isolation were prepared using two different single-cell amplification approaches: one based on sorting individual cells and a second based on capturing individual cells within a hydrogel. Flow-sorted single-cell amplification. For the sorting method, thawed cells were resuspended in PBS-glycerol (20%) to a concentration of 10 6 cells per ml. Samples were serially filtered through 30-μ l and 11-μ l membranes then briefly sonicated (20 s) and diluted 50-100-fold. They were sorted into individual wells of a 384-well plate containing 0.5 μ l PBS. Single cells then underwent alkaline lysis for 15 min at room temperature, after which the solution was neutralized. Genomes were then amplified using multiple displacement amplification 28 for 16 h at 30 °C using high-purity Φ 29 polymerase expressed in Escherichia coli strain BL21_DE3. To initially identify amplified cells, the V68 region of the 16S rDNA locus was amplified using 1:10 dilution of the MDA product and universal 16S primers 926F and 1392R and then Sanger sequenced. Taxonomic classification was performed using the RDP naive Bayesian rRNA classifier (v. 2.6) 29 . We chose cells from this group to sequence that maximized the likelihood of observing lateral transfer between cells by accounting for the previously observed rates of HGT between organisms of a specified phylogenetic distance (the per cent identity between pairs of 16S sequences were used as a proxy) 6 .
MDA reactions were sonicated to shear large fragments of DNA. Samples then underwent end-repair using the NEB Quick Blunting Kit and were purified using a QIAGEN MinElute column. Illumina adapters containing 5-bp barcodes were ligated to the genomic amplicon using the NEB Quick Ligation Kit. The doublestranded adapters were modified using 5′ and 3′ -amino modified bases at one end to prevent self-ligation. Size selection was then performed using SPRI beads. Libraries then underwent nick translation using NEB Bst polymerase. Libraries were each amplified using Phusion Polymerase (New England Biolabs). The final pooled library was then gel purified to retain fragments of sizes 250-600 bp and sequenced on an Illumina HiSeq. The average size of the final library constructs was 397 bp. The total sequencing depth was 310 million reads. Single-cell libraries were barcoded and sequenced. We took several precautions to ensure the fidelity of our final single-cell libraries. Barcodes used in library preparation were designed so that each barcode would require 2 base-pair shifts to mimic any other barcode in the study; that no indel would result in a different barcode; and that barcodes contained no more than two consecutive identical basepairs. Only reads containing exact barcode matches were incorporated into libraries. Hydrogel-based single-cell amplification. For the hydrogel method, 10 μ l of thawed cells were resuspended in 500 μ l PBST (0.1%). Samples were sonicated for 20 s and first filtered through a 35-μ m nylon mesh, followed by a 5-μ m membrane (Pall Corp.) with a 500-μ l PBST wash. Samples were further diluted 500-2,000fold in PBST to reach the final concentration of ~ 30 cells per μ l. The diluted cell samples (2 μ l) then underwent alkaline lysis for 15 min at room temperature, after which the solution was neutralized. Hydrogel monomer mix (1.3 mg 4 Arm PEG Acrylate and 0.9 mg SH-PEG-SH) and MDA master mix, including Φ 29 buffer (NEB), 50 μ M random hexamers with two phosphorothioate bonds at the 3′ termini, 2.5% DMSO, 0.4 mM dNTP, 0.5 mg/mL BSA, 500 nM SYTOX Orange (Invitrogen) and 1 μ l REPLI-g sc Polymerase (Qiagen), were added to the side wall of the tube that contained the lysed cell sample. 25 μ l of each microbial concentration was added into a frame seal chamber and the sealed chamber was incubated at 30 °C for 12 h. Fluorescent DNA clusters were imaged and selected for hydrogel cluster retrieval. Approximately 0.24 μ l hydrogel and 10 pg DNA was captured in each cluster. This was dissolved and denatured in 1 μ l 400 mM KOH with 0.1 mM EDTA and 0.1 M DTT at 72 °C for 10 min before neutralization. The neutralized product underwent a second MDA reaction (for 10 h) within a new hydrogel. The gel was then denatured and neutralized.
MDA products were purified and quantified using the Quant-iT HS assay (Thermo Fisher Scientific) and normalized to 5 ng/μ l. Tagmentation reactions (Nextera) were carried out on 10 ng of purified DNA, and were followed by a SPRI cleanup. Unique PCR library barcoding using Index primers N7 and S5 (Illumina) was performed, followed with SPRI twice using equal volumes of beads to DNA. Libraries of were sequenced to a depth of ~ 1. Assembly of single-cell genomes. Single genome amplicons were quality filtered (Phred score ≥ 3), and filtered for reads that were less than 45 bp and for those that aligned with the human genome, the P. aeruginosa PAO1 genome (a laboratory contaminant) and the E. coli BL21_DE3 genome (from which the Φ 29 polymerase used in the MDA reaction was expressed and purified) using BMTagger. A small number of adaptor sequences were found in the raw data due to small inserts or primer-dimers. These adaptor sequences (30-61 bp in length) were easily identified using BLASTn and were removed before analysis. Amplicons were then assembled into genomes using either CLC Assembly Cell (v. 4.2), for the flow-sorted cells, or SPADES 30 (with the-careful flag) (v.3.6.0) for the hydrogel-captured cells. We retained assembled contigs that were at least 500 bp and resultant genomes where at least 100 kb could be assembled. Filtering single-cell assemblies. To further vet the quality and purity of our assemblies, we used BLASTp to assign taxonomies to a set of 31 predetermined core genes that are both phylogenetically conserved and single copy in almost all genomes 31 . Although we could not identify the full set of 31 core genes in any of the assemblies, we removed several cells in which the core genes reflected mixed taxonomies. Additional validations of the single cell assemblies included quantifying the levels of contamination using CheckM 32 . We retained cells with less than 10% putative contamination. We used RNAMMER 33 to identify 16S sequences present in the assembled genome. We discarded a small number of cells that had multiple 16S sequences or those in which the RNAMMER-identified 16S rRNA sequence conflicted with the Sanger-sequenced 16S rRNA V68 region. Our final data set included 196 single cell assemblies (Supplementary Table 4 ).
Identification of horizontally transferred genes between divergent genomes.
To identify horizontally transferred regions, we used a previously benchmarked method 6 . All assembled and reference genomes were compared in a pairwise manner using default in BLAST+ (v. 2.2.24). Recent DNA transfers are defined as the presence of near-identical DNA fragments (99% per cent identity or greater) with a length of ≥ 500 bp in two distantly related genomes. Note that the identification of identical DNA does not imply direct transfer between two cells. We found that approximately two-thirds of the identified transferred regions contained at least one SNP, suggesting that they could not have been the result of contamination. We restricted our analysis to comparisons between genomes whose full length 16S distance would be at least 3% dissimilar. This cut-off allowed us to distinguish between signatures of vertical inheritance and horizontal transfer, as 97% divergence at the 16S corresponds with roughly 75 million years of evolution, during which time well over 100 mutations would have accumulated per 500 bp. By conservatively defining horizontally transferred regions as those with such high nucleotide identity, we are likely to miss larger horizontally transferred regions that have undergone homologous recombination and rearrangement. For the HMP reference genomes, most of which are draft status, the 16S rRNA sequences were identified using RNAMMER. We included only those HMP reference genomes that had less than 10% contamination as identified by CheckM and in which the annotated 16S region spanned a minimum of 200 bp of the V68 region (this excluded 79 genomes), resulting in a final set of 387 genomes ( Supplementary Table 3 ). In 78 of the FijiCOMP single-cell assembles, RNAMMER identified full length 16S sequences. Multiple sequence alignments were performed using the RDP (v.11) Infernal aligner (http://rdp.cme.msu.edu/) 29, 34 , which accounts for secondary structure in the 16S. Per cent identity was calculated either on the full length 16S across sites that were present in 95% of cells or in a trimmed alignment of the V68 region, accounting for sites that were conserved in at least 95% of cells. By comparing per cent identity cut-offs of the hypervariable V68 region with the full-length 16S gene, we determined that a 95% identity cut-off within the V68 region was an equivalent cut-off to 97% identity between full-length 16S genes (Extended Data Fig. 8a ).
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Cells that have unusual or multiple divergent 16S sequences can cause highly conserved (e.g., ribosomal) genes to appear horizontally acquired. Although some ribosomal genes may be transferred, especially across related species, because they confer antibiotic resistance, to minimize the contribution of closely related strains, we excluded all HGT events inferred between a pair of cells for which any ribosomal gene was inferred to be transferred. HGT was observed to occur less frequently between cell pairs as the phylogenetic distance between them increased (Extended Data Fig. 8b ), as previously reported 6 .
To illustrate the diversity of genomes used in our study and their sources, a maximum likelihood-based phylogenetic tree was constructed with FastTree2 (v.2.1.3) 35 (GTR nucleotide substitution model) using a multiple sequence alignment generated by RDP of the full length 16S sequences where available and the 16S V68 region those were full length sequences could not be identified. 70 of the hydrogel-captured single-cell genomes lacked 16S rRNA sequences and were therefore not included in this tree. The tree was rooted using Archeal taxa as the outgroup, although placement of the root within Bacteria is unsupported. Creating a non-redundant mobile gene set. In order to align reads to genes to attain relative gene abundances, we built a non-redundant gene data set (Extended Data Fig. 2 ). After pair-wise BLASTs between genomes (Step1), we clustered horizontally transferred regions using single-linkage clustering (Step2), identifying all with partial or full overlapping regions. Next, we identified ORFs within each contig using Prodigal (v.2.5) 36 (Step3). We included ORFs that overlapped at a minimum of 50% with a horizontally transferred region. This cut-off avoids false positive genes that overlap minimally with horizontally transferred regions, but allows for the inclusion of genes that may have been truncated due to highly fragmented draft genomes. We then clustered ORFs from each group of overlapping transferred regions into non-redundant sets using UCLUST 37 (v.1.5.579), with a 90% identity cut-off (Step4). The vast majority of genes were within 99-100% identity with the gene chosen for read alignment (that is, the centroid) (Extended Data Fig. 9 ). No gene with more than 10% ambiguous base pairs was chosen for read alignment. Since non-overlapping horizontally transferred regions may contain identical genes, we performed an additional final BLASTn search between genes to further reduce redundancy, although this step resulted in the removal of a relatively small number of genes (Step5). Functional annotation of horizontally transferred genes. We relied on several methods for functional annotation. Details on the functional annotation of each gene are provided in Supplementary Table 5 . We queried sequences using BLASTp against the Kyoto Encyclopedia of Genes and Genomes (KEGG) 38 , using BLASTp to attain their KO classifications (e value 10 −5 , per cent identity 30%); against the Clusters of Orthologous Groups (COG) database using rpsBLAST (e value 10 −5 , per cent identity = 30%); and the TIGRFAM (v12.0) and PFAM (v.26) databases using HMMER (v.3.0) (e value 10 −4 , score 22). KO numbers were mapped directly back to COG; and TIGRFAM roles that could not be assigned COGs retained the TIGRFAM designation. For each gene cluster, functional annotations were aggregated by retaining annotations to any gene within the cluster first according to COG classification, followed by KEGG, TIGRFAM and finally PFAM. We also assigned metabolic functions using the Automated Carbohydrate-Active Enzyme Annotation (http://csbl.bmb.uga.edu/dbCAN/) 39 (v.4.0), which employs an HMMbased search protocol. These were then assigned substrate categories 24 . To annotate antibiotics resistance genes, we used the ResFam 40 core genes database, which uses HMMs. Still, 32.8% of our HGT gene set could not be annotated by any of these means. To annotate the type of mobile genetic element specifically, we performed a keyword search amid the gene descriptions as follows:
Transposon: transpos* ; insertion; resolv* ; Tra[A-Z]; Tra[0-9]; IS[0-9]; "conjugate transposon" Plasmid: resolv* ; relax* ; conjug* ; trb; mob* ; plasmid; "type IV"; toxin; "chromosome partitioning"; "chromosome segregation" Phage: capsid; phage; tail; head; "tape measure"; antitermination Other HGT machinery: integrase; excision* ; exonuclease; recomb; toxin; CRISPR; restrict*; resolv*; topoisomerase; "reverse transcrip" Carbohydrate-active enzymes and related proteins: Genes present in the CAZY database; glycosyltransferase; "glycoside hydrolase; xylan; monooxygenase; rhamnos* ; cellulose; sialidase; * ose; acetylglucosaminidase; cellobiose; galact* ; fructose; aldose; starch; mannose; mannan* ; glucan; lyase; glycosyltransferase; glycosidase; pectin; SusD; SusC; fructokinase; galacto* ; arabino* ;
Proteins conferring antibiotic resistance: Genes present in the ARDB; multidrug; "azole resistance"; antibiotic resistance"; TetR; "; "tetracycline resistance"; Table 1 ) and 172 stool samples and 134 saliva samples from the FijiCOMP study (Supplementary  Table 2 ). Raw metagenomic sequences from the FijiCOMP study were preprocessed in a manner equivalent to that for the HMP metagenomic samples 16 : they were initially filtered for quality (Phred score ≥ 3), minimum length (60 bp), and minimizing reads originating in human genomes, using BMTagger (ftp://ftp.ncbi. nlm.nih.gov/pub/agarwala/bmtagger/)NCBI/NLM/NIH; 07 March 2011, version 3.101). Sequencing depths of the final sample set were comparable between the FijiCOMP and HMP cohorts.
Reads were aligned to the non-redundant set of mobile genes (described above) using the BWA (v.0.7.12-r1039) 41 mem algorithm. A read pair is considered mapping when at least one read of the pair is mapped to the reference gene with 99% or greater sequence identity and aligned with at least half of the read length so as to avoid edge effects. In the vast majority of reads, the entirety of the read aligned with 99% or greater identity (Extended Data Fig. 10 ). After alignment, we considered only those genes which were had at least 80% coverage across the length of the gene, and had a median alignment depth of at least 4 reads per bp. In order to compare between samples that had varying read depth and across genes of varying length, we used a measure of fragments per kilobase of protein coding sequence per million mapped reads (FPKM), where each fragment is defined as a read pair. Alignments of the stool samples were observed for 88.3% of the 10,461 identified unique genes.
We did not consider minimum or maximum gene lengths for inclusion in our data set. The minimum gene length observed is 60 bp and the median length for all of the genes is 654 bp. Although genes of different lengths may be expected to be able to recruit metagenomic reads and meet the gene coverage criteria, gene length was not significantly correlated with prevalence, median or maximum abundance.
Some of the mobile genes are likely duplicated trans-acting core genes that confer antibiotic resistance, such tRNA synthetases [42] [43] [44] [45] . FPKM values for these genes will be artificially inflated due to the false-positive recruitment of reads matching core genes. We presume that this component is small and given that they may be able to recruit reads from various genomes, their distribution across populations may serve to minimize differences between populations. Assessing GH13 prevalence and abundance in entire metagenome. To determine whether any GH13-family genes, including those not identified here as mobile, were enriched in the FijiCOMP cohort, we aligned translated reads from each of the FijiCOMP and HMP metagenomic samples using PAUDA (v.1.0.1) to a database containing 16,244 GH13-family protein sequences annotated as such by the Carbohydrate-Active enZYmes Database (http://www.cazy.org) as well as 48 GH13-family protein sequences identified as mobile using the FijiCOMP single-cell and HMP assemblies. This database amounted to 11,236 unique protein-coding genes, of which 38 were identified as horizontally transferred. We then calculated coverage RPKMs (reads per kilobase of protein coding sequence per million mapped reads) for each of the genes in each of the samples and analysed 3,770 unique proteins with RPKM values greater than 100 RPKM. The distribution of GH13 genes differed between populations (P < 10 −5 , PERMANOVA test of Jensen-Shannon divergences, 10 4 permutations). 351 and 63 of the GH13 family genes were more prevalent in the FijiCOMP and HMP cohorts, respectively (q < 0.001 after FDR correction for Fisher's exact test). 347 genes (including 29 of the GH13 horizontally transferred genes) were enriched (q < 0.001 after FDR correction of Mann-Whitney tests) in the FijiCOMP data set, compared with only 118 (including 2 of the GH13 horizontally transferred genes) enriched in the HMP data set. We cannot conclusively determine whether the GH13 genes not identified in this study as horizontally transferred are part of the core or flexible genome. Vector contamination. Cloning vectors may have been used in the sequencing of HMP reference and draft assemblies. (Cloning vectors were not used in the sequencing of the FijiCOMP single-cell genomes and adapters were removed before assembly.) As cloning vector sequence is sometimes retained in the assembly, these assemblies were screened for vector contamination against the UniVec database (http://www.ncbi.nlm.nih.gov/tools/vecscreen/univec/), using suggested parameters. Putative contamination was observed in all 387 of the HMP reference genomes, although only 102 cells had regions of putative contamination of at least 500 bp, which would have affected the method used to identify HGT events (Supplementary Table 3 ). The metagenomic libraries were not created using cloning vectors and therefore it may be possible to distinguish between those that are contamination (that is, those that failed to recruit reads) and those that are present. Only 102 genes linked to possible vector contamination failed to recruit reads.
LETTER RESEARCH tRNA analysis. Metagenomic alignments were also used to determine which mobile genes were adjacent to tRNA genes. We could then examine mobile elements that had integrated next to tRNAs to determine the taxonomy of the bacterial host. tRNAs have stable phylogenies that can be used for phylotyping 46 . Metagenomic alignments were filtered for paired reads that had only one readpair aligning to a horizontally transferred gene. tRNA genes were identified using the program ARAGORN 47 . Taxonomies of the tRNA genes were ascertained through BLASTn searches against NT, requiring an alignment of 85 nucleotides at 85% identity. We identified 838 mobile genes adjacent to tRNA genes. Of these, 194 had multiple bacterial hosts, multiple isoacceptors, or multiple tRNA genes. 394 of the genes adjacent to tRNA genes had at least one bacterial host that could be taxonomically identified. Plots reflect the number of reads observed. 72.7% of genes adjacent to tRNAs that had annotatable functions were genes involved in the process of horizontal gene transfer (phage, transposon, plasmid, etc.). Defining high confidence mobile genes. We also performed our analysis on the mobile gene pools in Fijian and American metagenomes on a subset of higher confidence mobile genes representing known HGT machinery genes and/or genes on scaffolds that have additional independent support for their phylogenetic placement. BLASTn searches were performed for each of the 1,662 FijiCOMP single-cell contigs containing a mobile gene against closely related organisms where available, resulting in 634 contigs that had additional phylogenetic support that could be compared. Additionally, phylogenetic placement was attained by examining tRNA genes on paired-reads aligning to the mobile gene set. This higher confidence set includes 6,187 unique genes (59.1% of the total mobile gene data set). Even with this smaller subset of high confidence genes, distinct functional gene pools can be observed between the HMP and FijiCOMP cohorts (Extended Data Figs 3, 4 ).
Statistical analysis of gene/function presence and abundance across samples.
FPKMs associated with the same protein family were summed before analysis. To assess which genes were enriched in each population, the FPKMs of each gene were compared according to country/village using FDR-adjusted Mann-Whitney tests. Comparisons of prevalence were tested using Fisher's exact tests. All analyses were performed in R (v.3.1.0).
Identifying linkage between pairs of horizontally transferred genes.
Metagenomic alignments were filtered for paired reads that matched two distinct genes in the mobile gene set. The HMP and FijiCOMP metagenomic libraries were both made with an average insert size of 180 bp. We required both genes to have 99% sequence identity or greater to their respective genes. We retained only paired reads that had information on alignment and orientation. Analysis of gene linkages was performed using the igraph package (v.0.7.1) in R. Multiple contexts, as determined by the linkage between mobile genes in the data set, were observed for 5,484 out of a total of 9,233 genes.. Microbiome composition. The bacterial composition of all samples was determined using MetaPhylerSR (v.0.115) 48 . The default database was supplemented with AMPHORA genes from the genome Succinatimonas sp. CAG:777 genome. The prevalence and abundance of plant matter was determined after aligning metagenomics reads to the SILVA database (v.115) 49 . We used FDR-adjusted P values of Pearson correlations to determine whether the abundances of any genes were significantly associated with the abundances of specific organisms in each cohort. We found that the abundances of 1,800 out of 8,322 genes (21.6%) and 1291 out of 6669 (19.4%) genes significantly correlated with the abundances of a single organism in the FijiCOMP and HMP cohorts, respectively. Fijian Diet. The Fijian diet is rich in high-starch foods [50] [51] [52] , including taro (Colocasia esculenta), giant swamp taro (Cyrtosperma chamissonis), giant taro (Alocasia macrorhhiza), tannia (Xanthosoma sagittifolium), cassava (Manihot esculenta), sweet potato (Ipomoea batatas), yams (Dioscorea spp.), breadfruit (Artocarpus Altilis) and plantains (Musa cultivars).
Fijians rely heavily on seafood as a main source of protein. Artisinal fishing is predominant in the study regions 53 . The species that are commonly fished locally by artisanal fishers are: eastern triangular butterflyfish (Chaetodon baronessa), swallowtail puller (Chromis ternatensis), blue-green damselfish (Chromis viridis), threadfin breams (Pentapodus sp.), imitator damselfish (Pomacentrus imitator), and two-lined monocle bream (Scolopsis bilineata). 27 species of sea cucumbers are commonly fished, though much of this catch is sold internationally, including those caught by artisanal fishers. The species that are commonly fished commercially, although consumed less often in the study region, are: blue finned rock cod (Cephalopholis microprion), blue-spotted grouper (Cephalopholis rodeta), daisy parrotfish (Chlorurus sordidus), orange-spotted emperorfish (Lethrinus erythracanthus), thumbprint emperor (Lethrinus harak), and snappers (Macolor spp.) 54 .
Additional fish and shellfish consumed in Fiji, although not assessed for the study region include: albacore tuna (Thunnus alalunga), yellowfin tuna (Thunnus albacares), skipjack tuna (Katsuwanas pelamis), bigeye tuna (Thunnus obesus), Spanish mackerel (Scomberomorus commerson), striped marlin (Tetrapturus audax), blue marlin (Makaira mazara), barracuda (Sphyraena sp.), swordfish (Xiphias gladius), sailfish (Istiophorus platypterus), opah (Lamprius regius), sunfish (Mola mola), mahi mahi (Coryphaena sp.), black snapper (Macolor niger), goatfish (Parupeneus barberinus), parrotfish (Scarus sp.), rabbit fish (Siganus puntatus), peacock cod (Cephalopholis argus), unicornfish (Naso unicornis), cockles (Anadara antiquata), freshwater mussels (Batissa violacea) and other unspecified reef fish 55 . Antibiotic Use in Fiji. Specifically, we expected that orally administered antibiotics used to treat common ailments and dental infections would be the primary target of resistance, and these are limited to beta-lactams (amoxicillin, penicillin, fluxocillin), tetracycline, chloramphenicol, quinolones (ciprofloxacin), and metronidazole [56] [57] [58] . Thus, differences may reflect antibiotic use in other societal sectors, such as in livestock, historical uses of antibiotics, or the acquisition of multiple antibiotic resistance genes transferred within single cassettes. These findings highlight our relatively limited understanding of the forces that drive selection for antibiotic resistance within populations, and the reservoirs for resistance genes 59 . These topics are acutely important in Fiji, as Shigella infections are common and resistance to betalactamases, tetracyclines, chloramphenicol, cephalosporins and quinolones has already been reported 60 . Data availability. FijiCOMP metagenomic samples generated for this study are all deposited on NCBI's Short Read Archive under Project Number PRJNA217052. The specific SRS numbers corresponding to each study participant's gut and oral microbiome can be found in Supplementary gene families that were deemed of higher confidence within each of the metagenomic samples. These include mobile gene families from mobile genes that were annotated as horizontal transfer machinery or had additional support for their phylogenetic placement. The placements of gene families and individuals were maintained from a for comparative purposes. c, A heat map is plotted showing the abundances (FPKM) of only those mobile genes that were observed to be transferred between HMP reference genomes within each of the metagenomic samples. The placements of gene families and individuals were maintained from a for comparative purposes. 
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